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Abstract 
Blower ventilators are one of the main rotating equipment in the thermal power plant, supervising and forecasting the 
faults of the operating ventilator can significantly improve the safety and economy of ventilator as well as guarantee 
the normal operation of blower. In this paper, the basic principle of faults diagnosis and advantages of DAGSVM are 
analyzed, the knowledge library of ventilator operating faults is established and trained based-on DAGSVM. Taking 
a large-scale boiler blower as an example, the DAGSVM model is used to diagnose the actual operating faults, the 
result shown that DAGSVM can diagnose the common faults of ventilator effectively. Forecasting the ventilator 
operating circumstance by this method can improve the safety and economy of ventilator operating. 
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1.Foreword: 
Ventilator is the important major pant item of blower, its operating situation influences the safe and 
economic operation of power station. Currently, many researchers have researched ventilator performance 
and got mature results. However, there are many varieties of ventilator faults and complex engendering 
principles and reasons, because of that, ventilator fault diagnosis is still in the further study. In this paper, 
by utilizing the multi-class support vector machines algorithm, the author discussed and built blower 
ventilator fault diagnosis model so as to search a new fault diagnosis method for ventilator.  
2.Fault Diagnosis Principle of Svm 
2.1.Introduction of SVM Algorithm 
Support Vector Machine is the statistical learning methods proposed by Vapnik [1] at the earliest. It 
was brought up with the background of binary classification problem at the beginning, its principle is that 
assume there is a two-class classification problem with the training data of 
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 `^1 1, , , , , , 1, 1di i i ix y x y x R y   " , then they will be separated by the separating hyperplane 
0w x b    with no mistake, just shown in Chart 1. 
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Figure1. Optimal Hyperplane Schematic Diagram
In figure 1, solid dots and soft dots represent two-class sample, H is optimal classification track, 
1H  and 2H  are two straight lines which near the classification track mostly and parallel to the track, the 
distance between them is called classification interval or margin, the training sample points on 1H  and 
2H , called support vectors. The optimal hyperplane refers to that the hyperplane not only can separate the 
two samples correctly, but also has the maximum classification interval. Separating the two samples 
correctly is for the purpose of guaranteeing training mistake to be zero, just the experiential risk to be the 
minimum (0). To maximum the classification interval actually is to minimum the fiducial range so as to 
minimum the realistic risks. When extrapolate to the high-dimensional space, the optimal classification 
track is becoming optimum hyperplane.  
For nonlinearity, support vector machine theory can map the input space in high dimensional feature 
spaces by such nonlinear mapping; change the nonlinear problem of a low dimensional space into the 
linear problem of high dimensional space. The linear classification rules in this space can form linear 
optimal separating hyperplane. Choosing different types of kernel function can generate different support 
vector machine, the common kernel function includes radial basis function, polynomial function 
polynomial function, sigmoid function and linear function, etc. 
The most important feature of SVM is that it is proposed according to the structural risk 
minimization principle, changes the traditional experiential risk minimization principle, thereby it has the 
advantages in terms of learning quickly, global optimum, excellent generalization performance as well as 
strengthen in disposing small samples. 
2.2.DAGSVM Multi-faults Classification Methods 
For multi-classification, the methods of forming SVM multi-class classifier have two ways, 
including ‘one to one’ and ‘one to many’. DDAG is based on ‘one to one’ method which contains 
 1 / 2N N   two kinds of classifiers, each classifier are correspondence with two class distributing in N  
structure, 1 node in the top layer, called root node. 2 nodes in the second layer, in turn, the i layer has i 
nodes. During these nodes, the i  node in the i  layer directs the i  and i +1 nodes in the j +1 layer, 
totally has ( 1) / 2N N   numbers intermediate nodes, each intermediate node is one of the ( 1) / 2N N   
two-class classifiers, and completes two classified negative judgment. There are N  numbers leaf nodes 
which correspond to N  numbers classifications.  
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 DDAG with 4 categories is shown in Figure 2. 
 
Figure 2. DDAG with 4 categories. 
Each node represents one decision function and it can be classified by entering class object X  at 
the root node. Determine the forward classification route by the operation results of 0 or 1 of 
classification function for this node. In turn, through ( 1)N  judgments, the final classification of X  
was obtained by the output at the node of the last layer.   
3.Ventilator Fault Diagnosis Modle 
3.1.Fault Feature Vectors 
When ventilator has faults, vibration signal and relevant parameters will appear related portent. 
According to on-site operating experience and the analysis of fault theories, ventilator faults can be 
divided into 14 types, rotor imbalance, rotor misalignment, rotating stall rotating stall, surge, adjustment 
malfunction, etc. rotor local collisions iˈmpeller wear aˈnchor bolts loosening bˈearing wear, lubricating 
oil going bad or dust, exit wind road leakage, exit pipe blocking, enter pipe leakage, output density 
increasing, record as ( 1, 2, ,14)ju j  " . 
According to the operating experience, when the ventilator appears faults, its related parameters will 
change. In the real operation, large-scale ventilator has the on-line supervising for its operation 
circumstance, and its operation parameters can be recorded. In figure 3,  the 9 faults portent(horizontal 
vibration of bearing, vertical vibration of bearing, axial vibration of bearing, export flow, export pressure, 
motor current, motor power, ventilator rotating speed, bearing temperature, , 1, 2, ,9ix i  " )can reflect the 
operation faults of large-scale ventilators basically. 
3.2.Establishing knowledge Base of Training Portent 
When using the SVM multi-classification to diagnose ventilator fault, the fault symptoms should be 
fuzzily processed. In order to describe the changing situation of portent parameters, ventilator fault 
symptoms ix  should read-out values according to the following rules:  
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As shown in the TABLEĉ, establish knowledge base of training portent 
TABLEĉ.  Knowledge Base of Ventilator Fault Training Symptoms 
ix
 ju  
1 2 3 4 5 6 7 8 9
1 0.7 0.7 0.5 0.7 0.5 0.5 0.5 0.5 0.7
2 0.7 0.7 0.7 0.7 0.3 0.7 0.7 0.5 0.7
3 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.7
4 0.7 0.7 0.7 0.7 0.7 0.7 0.7 0.7 0.7
5 0.5 0.5 0.5 0.3 0.7 0.7 0.7 0.5 0.5
6 0.7 0.7 0.7 0.7 0.3 0.7 0.7 0.5 0.5
7 0.7 0.7 0.7 0.7 0.5 0.5 0.5 0.5 0.7
8 0.7 0.7 0.7 0.3 0.3 0.7 0.7 0.5 0.7
9 0.7 0.7 0.7 0.5 0.5 0.5 0.5 0.5 1.0
10 0.7 0.7 0.7 0.5 0.5 0.5 0.5 0.5 1.0
11 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 1.0
12 0.7 0.7 0.5 0.3 0.7 0.5 0.5 0.5 0.5
13 0.5 0.5 0.5 0.3 0.7 0.7 0.7 0.5 0.5
14 0.5 0.5 0.5 0.7 0.3 0.5 0.5 0.5 0.5
3.3.DAGSVM Diagnosis Model 
According to above-mentioned different types of ventilator faults, designed the ventilator faults 
diagnosis model based on DAGSVM. For the typical faults, the DAGSVM topological structure of 
14-class was designed. Separating any two-class faults by these 91 binary classifiers, each node 
represents one binary classifier. the Fault samples in the training symptoms knowledge were Trained , the 
SVM by radial basis function as the kernel function was built, then finding the best control parameters. by 
choosing the width factor(ı)of radial basis function from 0.1 to 10, penalty factor (C) from 10 to 100,000. 
The sample statistical matrix ,[ ]i jD d=  for DAGSVM diagnosis model was created and   
, ( , , 1,2, ,14)i jd i j i j  "  was the right number of category, , ( , , 1,2, ,14)i jd i j i jz  "  represented numbers 
of the i  fault to the j  class. 
14
,
, 1
, ( )i j
i j
E d i j
 
 z¦
 was the total numbers of wrong classified samples. 
Its flow chart shown as figure 3 
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Figure 3. DAGSVM Fault Diagnosis Flow Chart
Using this procedure to train the ventilator fault training symptoms in Table 1, results were shown in 
TABLEĊ. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
TABLEĊ. Training Result of Ventilator Fault Training Symptoms 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
1   0   0   0   0   0   0   0   0   0   0   0   0   0
0   1   0   0   0   0   0   0   0   0   0   0   0   0
0   0   1   0   0   0   0   0   0   0   0   0   0   0
0   0   0   1   0   0   0   0   0   0   0   0   0   0
0   0   0   0   1   0   0   0   0   0   0   0   0   0
0   0   0   0   0   1   0   0   0   0   0   0   0   0
0   0   0   0   0   0   1   0   0   0   0   0   0   0
0   0   0   0   0   0   0   1   0   0   0   0   0   0
0   0   0   0   0   0   0   0   1   0   0   0   0   0
0   0   0   0   0   0   0   0   0   1   0   0   0   0
0   0   0   0   0   0   0   0   0   0   1   0   0   0
0   0   0   0   0   0   0   0   0   0   0   1   0   0
0   0   0   0   0   0   0   0   0   0   0   0   1   0
0   0   0   0   0   0   0   0   0   0   0   0   0   1
0   0   0   0   0   0   0   0   0   0   0   0   1   0
0   0   0   0   0   0   0   0   0   0   0   0   0   1
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Training the ventilator fault symptoms by this diagnosis model, and get the result in the process of 
finding optimization, whenV  equals to 0.8, C  equals to 10,000, the diagnosis model has the highest 
identification rate of 100%. Therefore, DAGSVM diagnosis model is thatV  equals to 0.8, C  equals to 
10,000.  
3.4.Fuzzy Processing of Real-time Symptom 
When diagnose real-time fault by the model, the real-time fault symptoms should be measured 
fuzzily by using the fuzzy membership function. According to (1), fuzzy language subsets were 
introduced (sharp expand, slightly expand, normal, slightly diminish, sharp diminish) to describe five 
changing status of fault symptoms parameters. On the basis of characteristics of ventilator fault symptoms 
and real operation experience, determine the membership function by operation rules and experiential 
method of undetermined coefficients:  
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In this formula, iS  represents the quantization value which is obtaining through the i  symptom 
calculated by the membership function, ix  is the measured value of the i  symptom parameter,  
1 2 0 3 4, , , ,i i i i ix x x x x  represent the threshold value of symptom parameter power off lower limit, alarm 
lower limit, normal, alarm upper limit, power off upper limit, respectively, of which, 0ix  is the designed 
value of experiential value of the parameter.   
Basing on each measured value of symptom parameters, the real-time symptom vector as following  
1 2 9{ , , , }V S S S "  
4.Example 
The DAGSVM model is set up to diagnose ventilator faults by  V  equals to 0.8ˈC  equals to 
10,000 
Fault symptom parameters and fuzzification value of a large-scale boiler blower were shown in 
TABLE ċ. 
By utilizing (2), the actual value of above-mentioned fault parameters were fuzzily processed, then 
got the real-time symptoms fault mode vector was: [0.647 0ˈ.660 0ˈ.553 0ˈ.523 0ˈ.500 0ˈ.517 0ˈ.500ˈ
0.500ˈ0.900]. 
Diagnosing by the fault model proposed in this thesis, the result showed in TABLE Č. 
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TABLE Č.   Ventilator Fault Diagnosis Result 
-1   0   0   0   0   0   0   0   0   0   0   0   0   0 
0   -1   0   0   0   0   0   0   0   0   0   0   0   0 
0   0   -1   0   0   0   0   0   0   0   0   0   0   0 
0   0   0   -1   0   0   0   0   0   0   0   0   0   0 
0   0   0   0   -1   0   0   0   0   0   0   0   0   0
0   0   0   0   0   -1   0   0   0   0   0   0   0   0 
0   0   0   0   0   0   -1   0   0   0   0   0   0   0 
0   0   0   0   0   0   0   -1   0   0   0   0   0   0 
0   0   0   0   0   0   0   0   1   0   0   0   0   0 
0   0   0   0   0   0   0   0   0   -1   0   0   0   0 
0   0   0   0   0   0   0   0   0   0   -1   0   0   0 
0   0   0   0   0   0   0   0   0   0   0   -1   0   0 
0   0   0   0   0   0   0   0   0   0   0   0   -1   0 
0   0   0   0   0   0   0   0   0   0   0   0   0   -1 
It indicated the occurrence of the 9th fault, as wear of bearing, and the diagnosis result correspond to 
the actual circumstance after on-site confirm. 
5.Ending  
SVM is the new study algorithm based on the structural risk minimization principle and it has much 
stronger theoretical basis and generalization ability based on the experiential risk minimization principle 
compared with neural network algorithm. The full application of linear problem has deeply explained this. 
In addition, SVM has its own theory for nonlinear problem. In this paper, the DAGSVM of various types 
of SVM was analyzed, the simulation study for ventilator faults diagnosis under the condition of small 
samples is done. The result shown that, DAGSVM can diagnose various ventilator faults accurately and 
efficiently.  
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TABLE . Ventilator Operation Fault Symptom Parameter Collectionċ  
Serial 
number Fault Index Unit Normal Measure value Symptom Fuzzy Value 
x1 horizontal vibration of bearing A mP 45 67 0.647 
x2 vertical vibration of bearing A mP 45 69 0.660 
x3 axial vibration of bearing A mP  45 53 0.553 
x4 export flow 3 /m h  414697 405803 0.523 
x5 export pressure aMp  105.01 105.05 0.500 
x6 motor current A  65 67 0.517 
x7 motor power kW  560 561 0.500 
x8 ventilator rotating speed / minr  1490 1490 0.500 
x9 bearing tempreture of bearing A ć 35 90 0.900 
 
